Flight testing is the preferred means of obtaining accurate, locally linear, dynamic models of nonlinear aircraft dynamics. In this paper, decoupled longitudinal and lateral/directional linear dynamic models of an unmanned air vehicle are identified using the Observer/Kalman Filter Identification method. This method is a time-domain technique that identifies a discrete input-output mapping from known input and output data samples. The method is developed for flight testing, including details of instrumentation, measurements, and data post-processing techniques such as nonlinear estimation. Multiple flight tests were conducted, and experimental examples for longitudinal and lateral/directional dynamics are presented, including the model selection process. Fidelity of the identified linear models to the nonlinear plant is validated by comparing measured and model predicted outputs with measured inputs from flight test. Mean squared errors and the Theil information coefficient are used as accuracy metrics. Results presented in the paper demonstrate that the linear models reproduced from flight test results are acceptable representations of the nonlinear aircraft dynamics in the cruise configuration.
II. Observer/Kalman Filter Identification (OKID)
OKID is developed from the eigensystem realization algorithm (ERA) for linear system identification.
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In this section, the theoretical backgrounds of the ERA and OKID algorithms are presented. In both cases, linear discrete-time systems for the plant behavior are assumed, and have the following form:
In Eq. (1), the k index in x k is shorthand for x(kT ), where T is the system sample rate and k is an integer. x ∈ R n , u ∈ R m , A ∈ R nxn , B ∈ R nxm , C ∈ R qxn , and D ∈ R qxm . The generic problem of system identification is to determine matrices [A, B, C, D] such that a measured output sequence for y k is reproduced.
II.A. Eigensystem realization algorithm
The development here follows Refs. 9 and 10. For a discrete-time linear system of the form of Eq. (1) with zero initial conditions for x(0), the output sequence for the linear dynamic system is as follows: . . .
Define the system Markov parameters Y (k) by
The output sequence can be written as in Eq. (4):
The ERA assumes measurements of the Markov parameters are available. They may be obtained directly by measuring the system response to a unit impulse on each of the m input channels, or indirectly as in OKID. In the former case, the jth column of Y (k) is the system response y k to a unit pulse on input j at t = 0.
The basic ERA solution procedure for obtaining a realization is as follows:
1. Construct the r × s block Hankel matrix, defined as:
2. Compute the singular value decomposition (SVD) of H(0), defined as H(0) = R n ΣS n .
3. The system order is determined from the relative magnitude of the singular values of H(0). In theory, the system order is the number of nonzero singular values; in practice, measurement noise and machine errors will produce small singular values that should be neglected.
4. A minimum-order system realization can be written in terms of the SVD:
5. Modal damping and frequencies may then be obtained from the realized state matrix II.B. Observer/Kalman Filter Identification OKID extends the ERA to systems with nonzero initial conditions and arbitrary input sequences. Fundamentally, OKID obtains a close approximation to the Hankel matrix of Eq. 5, then follows the ERA solution procedure. The development in this section follows Refs. 8 and 1. In addition to the requirement of zero initial conditions and pulse inputs, the ERA may suffer from long computational times for lightly damped systems. OKID overcomes this issue by augmenting the discrete-time system of Eq. (1) with an observer G, as in:
The problem formulation is otherwise the same; however, the presence of nonzero initial conditions and arbitrary control inputs modifies the output sequence from Eq. (4):
The output sequence can be written compactly asȳ
In Eq. (9), the terms D, CB, CBĀ, etc. are the observer Markov parameters. They are equivalent to Eq. (3) for the system modified by the observer G. The matrixV is the Hankel matrix composed of the augmented system inputs:
A key assumption is thatĀ p becomes negligibly small for some p > 0. Under this assumption, Eq. (9) can be written as ȳ =ȲV (11) Eq. (11) is solved for the unknownȲ in a least-squares sense:
With the solution forȲ , it is straightforward to partition it into the observer Markov parameters:
For k > 0, the observer Markov parameters may be partitioned as:
Note that only the observer Markov parameters have been determined, not the system Markov parameters as required for the ERA. The system Markov parameters Y j can be shown to be recursively related to the observer Markov parametersȲ j :
This determines the system Markov parameters. From the Markov parameters, ERA beginning at Eq. (5), or an equivalent algorithm, is used to realize A, B, C as before.
III. Vehicle description
The Pegasus unmanned aerial vehicle (UAV) was designed and built by the Vehicle Systems & Control Laboratory (VSCL) at Texas A&M University as a sensor and control testbed. Pegasus is configured as a high-wing, twin-boom tail aircraft designed for stability for airborne remote sensing applications. Pegasus is configured with multiple redundant, independently-actuated control effectors including eight ailerons, two elevators, and two rudders, making this vehicle ideal for experimentally simulating actuator failure or losses of control effectiveness due to damage. The tail and nose are equipped with ballast mounts, and the wings and main gear longitudinal locations are adjustable in one inch (6% of chord) increments to allow extreme flexibility in payload configuration and static longitudinal stability requirements. Pegasus is modular and can be disassembled and stored in a case measuring roughly 7 x 3 x 2 ft (l x w x h) for ease of transport. The wings and tail are constructed of fiberglass/epoxy composite over a foam core with a circular carbon fiber spar. The fuselage is constructed of aluminum and fiberglass/epoxy with foam core. The Pegasus fuselage is sized to fit a standard ATX motherboard, so there is substantial payload capacity and volume to support relatively extensive computing hardware, compared to commonly available academic research platforms.
The design gross payload is 20 lbf in the Pegasus Modular Payload Unit, a shock-mounted EIA-310 compatible rack with the following characteristics:
• Up to 6U of 19 inch chassis mounted in face-up or down orientation or
• Up to 10U of 9 inch half-rack chassis mounted in face-up or down orientation or
• Up to 6U of 9 inch half-rack chassis mounted in face-forward or back orientation or • Some combination of the above.
• 12 inch flange-to-flange depth in face-up orientation 
IV. Instrumentation and Measurements
The vehicle is equipped with an Ardupilot Mega version 1 (APM1) autopilot. This autopilot records basic accelerometer, gyroscope, and barometric altitude measurements at 50 Hz. For system identification, this autopilot is augmented with an Aeroprobe 5-hole probe and ADC that measures airspeed, angle-of-attack, and sideslip angle. The range of recordable airspeeds is 8 -45 m/s with a minimum airspeed resolution of 0.25 m/s. The range of values for both angle-of-attack and sideslip angle is ±20
• with a flow angle resolution of 0.1
• . 11 The ADC is capable of recording these values at 100 Hz either onboard via a microSD card or through serial communication to the autopilot. A rapid prototyped mount and bracket were designed to fix the 5-hole probe to the wing tip (Figure 2 . Placing the ADC in the wing tip minimized the length of the tubing between the two components as well as maintained ease of assembly and disassembly of the Pegasus vehicle. Power wires run through the wing into the fuselage where the flight battery is located. The probe is fully constrained and mounted perpendicular to the leading edge of the wing as well, parallel to the chord line ( Figure 3) .
The APM1 samples the associated pressure transducers at 50 Hz. Additionally, global positioning system (GPS) inertial position measurements are recorded at 5 Hz. Table 2 . Measured states, units, and sample rates for Pegasus system identification.
IV.A. Data processing
Angular rates and aerodynamic angles are prefiltered using Butterworth filters in MATLAB TM to reduce measurement noise.
12 Initial flight tests in 2013 demonstrate problems with the aerodynamic data acquisition and autopilot attitude determination. The attitude output from the autopilot appears to approach non-zero steady-state values after excitation, which is inconsistent with the observed behavior during flight. This is interpreted as a possible effect of gyroscope bias, or simply poor accuracy in attitude estimation. In addition, for two of three flight days, performance of the air data probe is inconsistent. Angle-of-attack and sideslip angle measurements are not usable on these days, and on one of those days airspeed readings are also unusable. The process used to address these issues is described in this section.
IV.A.1. Attitude estimation
To obtain the Euler angle position history, an extended Kalman filter (EKF) is implemented based on the method outlined in Ref. 13 . This filter is used to process all subsequent data and provide three-axis attitude and gyro bias estimates. The following procedure is used, and is also summarized in the flowchart of Fig. 4: 1. GPS-derived inertial position histories are differentiated once to estimate inertial velocity in three axes.
2. To reduce noise, a two-term moving average of inertial velocity is taken and used subsequently.
3. In a north-east-down inertial coordinate system, aircraft heading is estimated from ψ = arctan Veast V north . 4. Velocity histories are differentiated to produce acceleration histories, and a two-term moving average is again taken to reduce noise.
5.
A value of −gn 3 is added to the inertial acceleration histories for consistency with accelerometer measurements, in which n + is the inertial coordinate system.
6. The inertial acceleration vector is transformed from the inertial frame through a three-axis rotation through ψ into an intermediate reference labeled i + .
7. The transformed acceleration histories are now related to the aircraft body frame by a 2-axis rotation through θ and a 1-axis rotation through φ. In theory this vector should match the accelerometer measurements after rotating through the two still-unknown angles.
8. φ and θ are estimated in a least-squares sense by solving the following linearized transformation equation relating the intermediate frame i + to the body frame b + :
9. The resulting φ and θ histories are treated as measurement updates in a continuous-discrete EKF.
Attitude and gyro bias estimation is a familiar estimation problem with many existing solutions. The EKF attitude estimator in Ref. 14 is modified to use the Euler angles directly instead of the quaternion to parameterize attitude, simplifying the filter by eliminating the need to enforce quaternion normality. A sample of the autopilot and EKF estimates is shown in Fig. 5 .
IV.A.2. Aerodynamic angle estimation
The air data measurements are not usable from some flight days. The GPS-derived inertial velocity history and attitude estimates are used to approximate airspeed and aerodynamic angles as necessary. Bodyframe velocity components U, V, W are computed by transforming the inertial frame velocity vector. The aerodynamic angles, with the assumption that the external wind is small relative to the magnitude of the aircraft velocity, are given from: 
Airspeed measurements are judged to be usable from two of three flight days by comparing them to the body 1-axis inertial speed, but all of the aerodynamic data were unusable from the final day of testing. Direct airspeed measurements are found to generally yield better models, and are used whenever available. Since aerodynamic angles are usable on only one flight day, the approximation from inertial velocities described above was used on all flights for consistency in comparing model fits on different flight days. The choice of measured or estimated aerodynamic angles did not appear to significantly affect model accuracy.
V. Flight testing
Initial system identification flight tests of the Pegasus aircraft were conducted under manual control between September and November 2013. A summary of flights is given in Table 7 . Longitudinal-axis maneuvers consist of an elevator doublet followed by a throttle doublet. Lateral/directional maneuvers consist of a rudder doublet followed by an aileron doublet. A total of fifteen longitudinal axis trials and thirty-two lateral/directional axis trials are conducted over three flight days.
VI. Model realization and selection
For model realization, the vehicle is assumed to be trimmed about a steady-state value, and a linear model is fit to perturbations in the aircraft states. It is assumed that vehicle bank angle φ is zero; this allows the aircraft linear dynamics to be decoupled into independent longitudinal and lateral/directional axes, each with two controls. All angular rates are assumed to be constant in the steady state. The longitudinal axis variables are perturbed airspeed, angle-of-attack, pitch rate, and pitch angle, with elevator and throttle as controls. For the lateral/directional axis, the perturbed variables are sideslip angle, roll rate, yaw rate, and roll angle, with aileron and rudder controls.
To identify models from the processed flight data, the data are manually segmented into each longitudinal or lateral/directional maneuver. A model is then fitted to each data segment. For validation, control inputs are fed back into the identified model, starting at the measured initial state, and the measured and predicted responses are compared. Models are verified against both the data used in identification and time histories from other segments. Both mean squared error (MSE) and the Theil inequality coefficient (TIC) are used as metrics of fit. MSE is defined in terms of the measured outputỹ k and predicted outputŷ k as in Eq. (18):
The TIC is defined as follows:
Eq. (19) yields a vector whose members are between 0 and 1, and can be evaluated across one data set or several. T IC = 0 implies the predictions match the data exactly and T IC = 1 implies maximum inequality. Acceptable values vary, but a range of 0.25 < T IC < 0.3 is considered to indicate good agreement.
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Models are first downselected by considering MSE, and models with relatively high MSE are removed. If multiple models with similar qualitative behavior remain, TIC is used to further identify goodness-of-fit. The identified models for the two axes are given in the appendix.
VI.A. Longitudinal model selection
Models are evaluated by computing the mean squared error in predicting the data in all other segments on the same day. The models on each day with consistently good performance are further downselected by comparison against data from other days. Figs. 7-8 plot the base 10 logarithm of the mean squared error for each model evaluated in this fashion. For each trial and state, the total MSE across all data on a given flight day is plotted. Smaller values indicate a more accurate fit.
Based on the preceding analysis, three models were evaluated in terms of MSE against data from other flight days: Models 1 and 3 from day 1 and Model 2 from day 2. Table 3 collects the MSEs for all flight days when these models are evaluated in this fashion. Based on these results, either Day 1 Trial 3 or Day 2 Trial 2 have good performance that is relatively consistent across data sets. Table 3 . Mean squared errors of the best Pegasus longitudinal models identified using OKID.
To further compare the two models, the Theil inequality coefficient (TIC) is computed. The TIC is computed for the final two models over a set of five trials that have similar initial conditions. Two trials are from day 1 and three from day 3. Model accuracy in terms of TIC is quite similar between the two models, which indicates a certain level of consistency in the identification process. Ultimately, the Day 3 Trial 2 model is preferred because of its good accuracy in replicating u and α.
Comparisons of measured outputs with those predicted by the identified model are shown in Fig. 9 for two flight maneuvers. The model shows good agreement with predicted airspeed and angle-of-attack relative to other models, and this is a primary reason for its selection. Table 5 . TIC for Pegasus lateral/directional models with steady-state bank angle less than 5
• . Each TIC value is computed by evaluating the model against the data used to generate it.
VI.B. Lateral/directional model selection
One model is fit to each of the thirty-two lateral/directional trials from two days of flying. In some flight segments, the pilot gave multiple doublet commands consecutively; each individual doublet is treated as a trial, and so is the string of consecutive doublets. This means that some data are repeated among the trials. In selecting the best models, one important consideration is the bank angle at the beginning of the maneuver. The decoupling of aircraft longitudinal and lateral/directional axis dynamics is only possible for a steady-state bank angle of zero. Therefore, only trials for which the initial bank angle has magnitude less than 5
• are considered. This effectively eliminates twenty-two models. MSE is found not to differ greatly among the remaining models, so each model is evaluated in terms of the TIC against the data used to generate the model. These TIC values are tabulated in Table 5 . Table 6 . Total TIC for three candidate Pegasus lateral/directional models evaluated across all the sets of data considered in Table 5 .
Based on Table 5 , three models are selected for further evaluation: Day 1 Trial 2, Day 2 Trial 2, and Day 3 Trial 15. The TIC of these three models is then computed for every test in the set of trials in Table  5 . These results are given in Table 6 . For brevity, only the total TIC computed across all eleven data sets is shown for the three candidate models. From these results, it is clear that the model from Day 1 Trial 2 has the lowest TIC for three of the four states. This model also shows reasonably good model fitting qualitatively (see Fig. 10 ), so it is selected as the linear lateral/directional model for the Pegasus system. Fig. 10 shows a comparison of measured outputs and model-predicted outputs for two lateral/directional trials. The identified model shows reasonably good tracking of the measured states even when compared against the longer trials in the data set, indicating good agreement between the measurements and predicted outputs.
VII. Conclusions
This paper has presented flight test results for experimental identification of an unmanned air vehicle using the Observer/Kalman Filter Identification methodology. This has included a summary of flight test dates and procedures, a description of data post-processing to correct for unreliable IMU and aerodynamic measurements, and the presentation of identified model sample fits. Comparison of model predicted outputs and measured outputs for both longitudinal and lateral/directional models indicates good consistency between the identified model and flight data. Based upon the results presented, it is concluded that the Observer/Kalman Filter Identification method is suitable for the problem of generating accurate linear system models of nonlinear, rigid-body aircraft dynamics.
In future work, this identified models will be used to synthesize flight control laws. Nonlinear model fits will also be considered for greater accuracy. Additional flight tests will be conducted with a high-fidelity inertial measurement unit to improve the current results. 
